Abstract-Short-term planning is a decision-making process that aims at ensuring proper performance of electrical distribution systems (EDSs) within a short period of time. In recent years, this process has faced a significant challenge due to the integration of renewable energy based technologies. To handle such complicated planning problem most suitably, sophisticated algorithms are required. This paper proposes a mixed-integer linear programming model to find the optimal short-term plan of EDSs considering siting and sizing of capacitor banks and renewable energy sources, conductor replacement of overloaded circuits, and voltage regulators allocation. Besides considering the economic aspects, the environmental issues are also considered to promote a low carbon emission system. To address the uncertainties of electricity consumption and renewable energy output power, a two-stage robust optimization model is used, and to handle this model more efficiently, the column and constraint generation algorithm is applied. A 135-node distribution system is studied under different conditions to assess the performance of the proposed approach. Results show that the planning actions, for each case study, improve the efficiency of EDS and mitigate the pollutant emissions at the distribution level. 
Power factor for PV and WT DG units. Binary variable for VR allocation at node n.
I. INTRODUCTION

D
ISTRIBUTION companies (DISCOs) recently are facing multiple challenges to meet the needs and preferences of the consumers. These challenges are accentuated due to increase in demands that results in decreasing the quality and reliability of the supplied energy. In practice, DISCOs need to fulfill several objectives simultaneously. In this regard, this work investigates the strategies to ensure proper performance of the electrical distribution systems (EDSs) and thus guarantee the quality and reliability of the supplied energy via a robust optimization approach.
Traditionally, a classical strategy that DISCOs may be used to fulfill the network's immediate needs is through short-term planning actions such as siting, sizing, and replacements of some devices to provide effective control over the voltage magnitude, operational energy losses, reactive power flow, and power factor of the system. Among all, the voltage regulators (VRs) and capacitor banks (CBs) allocation, conductor replacement, and network reconfiguration are the most common actions in short-term planning [1] - [5] . However, with the emergence of renewable technologies, the performance of the EDS has been altered, and from the optimization perspective, the complexity of EDS has mainly increased due to the high level of uncertainties associated with these technologies. Therefore, this issue needs to be adequately addressed to avoid any adverse effect on the efficiency of the EDS [6] . This integration has been widely studied in multiples instances, especially photovoltaic (PV) and wind turbine (WT) technologies, to maximize the efficiency of an EDS [6] - [8] .
Due to the importance of having an appropriate plan, combining several alternatives actions has received more attention. A planning scheme considering renewable and dispatchable distribution generation (DG) units and CBs was presented in [9] where a hybrid method based on tabu search and a genetic algorithm was used as the solution tool. In [10] , a method for allocation of CBs with PV-and WT-based DG units was proposed, and a non-dominated sorting genetic algorithm was used to optimize these actions simultaneously. A stochastic methodology that maximizes the installed capacity of the renewable-based DG units while minimizing the energy losses and consumption of loads was proposed in [11] . An information-gap decision theory-based model that was proposed in [12] where the allocation of dispatchable DG units and circuit reinforcement were considered in an uncertain environment. Moreover, a short-term planning approach for conductor replacement of circuits, siting and sizing of wind-based DG units and CBs, and protection devices of EDSs was proposed in [13] where a genetic algorithm was used to find the solution of this problem.
Recently, carbon emissions mitigation has become a quintessential challenge in the electricity sector, since this industry is responsible for a significant share of global greenhouse gas emissions [14] . As a result, the adoption of low carbon technologies related to renewable-based DG units has been promoted to attend the environmental targets [15] . However, in most of the works for the sake of simplicity, considering the environmental issues has been disregarded. In [16] , an integrated planning methodology considering renewable-based DG units and demand response was proposed to improve the efficiency of the EDS, where the emissions were mitigated through of a monetary form by carbon taxation. In the same way, in [17] , a strategic planning approach for finding the optimal allocation of renewable energy sources and reactive power support devices was proposed aiming at minimizing the distribution power losses, enhancing the voltage stability, and reducing the CO 2 emission. In [18] , a planning scheme to find the optimal site and size of renewable and dispatchable DG units using particle swarm optimization-based approach was proposed where different technologies based on PV, WT, and biomass were taken into account considering technical, economic, and environmental performance indices. An environmentally committed shortterm planning model considering PV-based DG units allocation was proposed in [19] . This planning model was based on a deterministic environment, minimizing the operational and investment costs while managing the emissions from the distribution side.
All in all, none of the works in literature has studied an uncertainty-based short-term planning model in the presence of several alternative planning actions. To the best of our knowledge, until now there exists no strategic short-term planning model to address the economic, operational, and environmental aspects of a distribution network via a two-stage robust formulation [20] . Therefore, the primary objective of this paper is to develop an integrated planning framework that takes advantage of the benefits of each investment alternative to max-imize the efficiency of an EDS by taking into account not only economic aspects but also the environmental issues to promote a low carbon emission system. This paper incorporates various actions such as siting and sizing of reactive support devices and renewable-based DG units, specifically PV and WT units, conductor replacement of overloaded circuits, and voltage control devices. This combinatorial optimization problem is inherently a mixed integer nonlinear programming (MINLP) problem that is approximated by a mixed integer linear programming (MILP) model. In order to approach the uncertainty in demand and renewable output power, an adaptive robust optimization problem, which is a three level optimization problem, is proposed. Thus, to solve this problem the column and constraint generation (C&CG) algorithm was applied. To validate and show the effectiveness of the proposed approach, a 135-node distribution system was tested under different conditions. The robust planning framework was implemented in a mathematical programming language AMPL, and the commercial solver CPLEX was used to obtain its solution.
Therefore, the contribution of this work is threefold.
r Proposing an adaptive robust formulation for short-term planning problem of distribution systems; this formulation, besides improving the quality and reliability of energy provided to end-users, promotes a sustainable EDS with emissions abatement at the distribution level.
r Proposing an integrated short-term planning model that addresses the economic, operational, and environmental issues of an EDS; for which the uncertainty and variability of renewable-based DG units and consumers' demands are entirely taking into account.
r Obtaining a solver-friendly adaptive robust MILP model using appropriate linearization techniques; this way, using MILP solver guarantees to find the optimal global solution with high computational efficiency. The rest of this paper is organized as follows. Section II presents the proposed adaptive robust model in detail. The solution framework is presented in Section III. In Section IV, assumptions, technical and economic data of test system, and case studies are presented. Section V contains the numerical results and discussions. Concluding remarks are presented in Section VI.
II. PROBLEM FORMULATION
This section describes the mathematical formulation of the proposed model that aims at obtaining the best short-term plan for EDSs via a flexible and multi-choice strategy by simultaneously determining the: a) optimal site, size, and type of CBs to be installed, b) the VR optimal location to control the voltage drop, c) the optimal conductors replacement of overloaded circuits through suggesting the respective new conductors, and d) optimal site and size of renewable-based DG units to be installed. The resulted model of this mathematical representation is inherently a MINLP model, that via appropriate linearization techniques, this model is recast to an approximated MILP model which is presented via a deterministic model (subsect.II-B). In order to consider the uncertainty of the renewable output power and demand consumption, this deterministic MILP model is extended to an adaptive robust model (subsect.II-C). 
A. Demand and Renewable Energy Forecast Profiles
Uncertainty is an inseparable part of demand, wind speed, and solar irradiation. Therefore, to consider such character in the proposed planning framework, this subsection describes the modeling in the presence of uncertainties arising from the renewable power generation and electricity consumption. It is worth mentioning that, the renewable output power can be created with weather forecast profiles, along with the horizon planning, and renewable production models [21] , [22] . In this regard, for a proper analysis and to consider the influence of weather factor and seasonal characteristics in the renewable-based DG units planning, a year is represented with a time period T . This T is constituted by time intervals t s, which could be divided in an hourly resolution (T = 8760 h). However, considering such time-resolution results in an intractable problem. An appropriate representation can be properly defined through four blocks, as can be seen in Fig. 1 , each block contains a typical seasonal day; therefore a year is composed by 96-t s. Each t contains the correlation between demand consumption, energy cost, and electricity produced by renewable energy. In Fig. 1 , for each t, the expected values of demand consumption, energy cost, and electricity produced by renewable energy are represented. In this approach, to simulate these expected profiles in demand consumption, historical demand forecast profiles are used. On the other hand, to simulate the expected renewable (PV and WT) output power, the online tool, "renewable.ninja", is used, while the historical data are obtained from [23] and [24] . It is noteworthy to mention that in the proposed approach, the average energy costs obtained from [25] are used.
Taking into account tropical countries such as Brazil, due to the temperature profile, two blocks of seasonal conditions are considered. In this regard, spring and summer are represented as hot weather conditions, while mild weather conditions constitute fall and winter. Considering these blocks of hot and mild weather, typical time intervals are reduced and are represented by its average t. In other words, the average t represents time intervals with similar characteristics; thus, each t contains data information related to demand, energy cost, and the output of renewable energy. This information is built considering an estimation along the planning horizon.
B. Deterministic Formulation
The proposed MILP model of the short-term planning problem with siting and sizing of renewable-based DG units considering multiple investment alternatives is presented as (1)- (26) . This formulation defines an economic-environmental strategy to obtain the best short-term plan for an EDS. In the proposed model the following assumptions are taken into account.
r The planning framework is related to a centralized structure, for which all the technologies considered in the scope of this work, are owned and operated by the DISCO.
r Renewable-based DG units have the capability of connecting to a medium-voltage system, operating with the desired power factor, and controlling their power output by smart power inverters.
r The DISCO can define an investment limit for each alternative in order to obtain a suitable short-term plan. The optimization model aims at minimizing: a) energy cost supplied by substation along the horizon planning (1st term), b) investment costs, in the initial year of the horizon planning, due to CBs allocation (2nd and 3rd terms), conductor replacement of overloaded circuits (4th term), WT generation allocation and its operation and maintenance cost (5th and 6th terms), siting and sizing of PV modules with respective operation and maintenance cost (7th and 8th terms), and VRs allocation (9th term). These investment alternatives are consequently represented in the optimization model, to maximize the efficiency of the EDS considering the technical, operational, and environmental aspects that must be satisfied to obtain a reliable and environmentally committed system. 
Subject to:
This optimization model is subject to: 1) investment limits, 2) steady state operating constraints, 3) EDS operational and environmental limits, and 4) operational constraints of each investment alternative, which are described as follow.
1) Investment Limits: Constraint (2) represents the investment limits that can be defined by the DISCO and contains the costs of: CB and VR allocation, conductor replacement, and siting and sizing renewable DG units.
2) Steady State Operation: The set of (3)- (6) represent the steady state operation of an EDS. The active and reactive power balance is shown in (3) and (4), respectively. The voltage magnitude is determined by (5), while (6) represents the linear approximation around an estimated operating point to calculate the square of the current magnitude.
3) Environmental and Operational Limits: The operational and environmental limits to be fulfilled in an EDS in order to supply an environmentally committed high-quality service, are considered in (7)- (10), where (7) and (8) represent the voltage limits and the current magnitude limits of circuits, respectively; and the annual substation power factor is controlled by (9) ; and the emissions from the substation side are controlled by the environmental sector via setting a cap to manage the annual emissions in (10).
4) Investment Alternative Constraints:
The allocation of CBs is defined in (11)- (16), where the reactive power injection for each installed CB is formulated in (11) , and the capacity of the CB (fixed or switchable) is determined by (12) (e.g. the product of bx fx and bx sw describes the CB capacity of the installed type); (13) and (14) are used to optimally choose the type of CB to be installed where C = C, if fixed, and C < C, if switchable; (15) guarantees that only one type of CB can be installed at node m; and (16) defines the capacity of fixed or switchable CB to be installed at node m.
The mathematical model of VRs is shown in (17) and (18) . In these linear equations, it is assumed that the voltage magnitude can vary within a regulation range (R%), the tap position is considered to be continuous, and a VR can be allocated at the final node n. Variable U represents the square of voltage magnitude, therefore (17) and (18) are related with the square of the regulation range.
The allocation of renewable-based DG units is defined by (19)- (24) . For a PV technology, the available PV generation is described by (19) , which depends on the renewable generation power and the modules to be installed, e.g., investment in PV modules with maximum power capacity P P V are associated with the decision of the product of vx pv . The reactive power injection can be adjusted by considering the active power generation of PV and the predefined power factor, (20) . The WT allocation is defined by (21) and (22), in which the available WT generation is presented in (21) . This equation depends on the generation power associated with the WT technology, the maximum power capacity, and the product kx w t , which determines the units to be installed. The WT reactive power (22) is controlled with the power factor and the available active power generation. The maximum numbers of PV and WT plants to be installed in the EDS and the size of each plant are determined by (23) and (24), respectively. Constraint (25) imposes that only one conductor type is selected for each circuit. Finally, (26) represents the binary nature of the decision variables.
C. Robust Formulation
Robust optimization determines an optimal solution that by considering a predetermined uncertainty set is immune to all uncertainty realizations since within this set the realization of the worst scenario is considered [26] . The robust formulation tends to be a conservative method, to address this issue, two-stage robust optimization, known as adjustable or adaptive robust optimization, was proposed in [27] . In this formulation, the first stage determines a partial solution of the problem before the uncertainty realization. However, the decision of the second stage will be adjusted according to the information obtained from the first stage and the uncertainty realization. Compared with less conservative approaches such as probabilistic methods, robust optimization presents significant differences that can be highlighted as a) the robust formulation does not allow infeasible solutions by guaranteeing constraints satisfaction while probabilistic methods do not provide such guarantees; therefore, the robust optimal solution is immune to all uncertainty realization within the defined set; and b) unlike less conservative approaches, limited information such as mean or expected value, and lower and upper uncertainty limits can be sufficient to represent the uncertainty data in a robust optimization model [26] , [27] .
1) Uncertainty Characterization: The deterministic formulation presented in Section II-B requires accurate information related to electricity consumption and renewable output power (Fig. 1) . However, prediction errors occur when the data is not exactly defined. Therefore, sub-optimal solutions to the shortterm planning problem considering renewable-based DG units allocation is obtained. To address such prediction errors, an uncertainty interval is considered. The upper and lower limits of this uncertainty interval are estimated with a certain confidence interval. To build this interval, it is considered that in the time t there are n o values for both demand consumption (f D ) and renewable output power (f G ), as can be seen in (27) . (27) From these values, which can be obtained through historical data or statistical analysis, the mean values for f D and f G are calculated and are represented byf D andf G , respectively. For practical purposes, a confidence interval of 95% is approximated with the normal probability distribution. These confidence intervals, (28) and (29), are defined by the mean values ± the product between the critical value Z α/2 and the standard error σ/ √ n o , where σ and n o are set to 0.3 and 30, respectively.
For the sake of simplicity, it is assumed that all renewablebased DG units' locations are subject to the same conditions. Considering such information and the uncertainty characterization, the variability range of PV and WT generation power and demand consumption is limited by its respective uncertainty interval. To control the conservatism level, the uncertainty budget is defined and can be adjustable by the parameter Υ, where the dimensions that can take the worst case can be managed [26] .
The uncertainty set is built for each time interval t. As can be seen from the terms on the left side of (30)-(32), these constraints enforce the WT/PV output power and the demand consumption to lay between the respective bound [f , f ]. The terms on the right side of (30)
2) Adaptive Robust Optimization Model:
The robust counterpart for the deterministic model is reformulated in (33)-(35), which comprises three levels of optimization problem that represents the proposed short-term planning model. (2), (12)- (16), (23)- (26).
The upper level ( (2), (12)- (16), (23)- (26) and (33)) is associated with the investment decisions constraints. The middle level ((30)-(32), and (34)) characterizing the uncertainty realization for the installed renewable-based DG units and the demand of the EDS. The lower level ( (3)- (11), (17)- (22), and (35)) is corresponding to the reaction of the EDS considering the planning actions and uncertainty realization.
However, the proposed model can be solved appropriately using decomposition techniques. Therefore, the generic form of the proposed adaptive robust optimization problem is represented by (36)- (39) set Ω(f, x) and the uncertainty variables are represented by f in the uncertainty set F .
where, the upper level is represented by (36) and (37), the middle level by (38) and the lower level by (39). In the lower level problem, Ω(f 
III. SOLUTION FRAMEWORK
The proposed tri-level (min-max-min) adaptive robust optimization model (36)-(39), which represents the short-term planning problem considering siting and sizing of renewablebased DG units, is a very complicated problem to be solved using classical optimization techniques. An approximated single-level model might be a way to solve this problem, however, an intractable problem may result. Due to the structure of the proposed problem, it cannot be solved directly using commercial solvers. In this regard, decomposition algorithms (e.g., Benders Decomposition) can be considered as a remedy to address such difficulties and to obtain a tractable problem.
In [28] , the Column-and-Constraint Generation (C&CG) as a different cutting plane strategy to solve two-stage robust optimization problems was presented. This algorithm for a determined uncertainty realization dynamically generates constraints with recourse variables in the primal space. Compared with the classical Benders, the C&CG creates primal cuts that are usually more powerful than the dual cuts used in Benders, and therefore, the C&CG needs fewer iterations to converge. To guarantee the convergence of this algorithm, the exchange of information between the master problem (MP) and the sub-problem (SP) must be exact. In other words, the optimal global solution must be guaranteed for each problem. Consequently, this decomposition algorithm is used to solve the short-term planning problem proposed in this work.
A. Hierarchical Structure of the Problem
To solve the proposed model by using the C&CG algorithm, the reformulation of (36)-(39) in a hierarchical framework of an MP and SP scheme is necessary. To apply this decomposition algorithm, the MP is defined as (40)-(45) .
This MP is a relaxation of the presented robust problem, where the variables z are dependent on the realization o in the set O while the auxiliary variable η is added; the uncertainty parameter f is fixed to the f * o (obtained from the SP), and the solution of the MP problem defines the appropriate investment alternatives x, and this information is fixed in the SP as x * . The SP associated with this problem is defined by (46)-(49).
This SP is a bi-level linear optimization problem, and in this work, by using the KKT optimality conditions [29] , is recast to an equivalent MILP single-level model with complementary constraints (50)-(55).
where λ and γ represent the dual variables corresponding to the set of equations H( 
B. The C&CG Algorithm
The overall procedure of applying the C&CG algorithm is summarized as follows: To solve the proposed short-term planning model, for the initial step the MP considers (43)-(45); in this regard, possible values of uncertain data (values within uncertainty interval) are the initial information used for the C&CG algorithm, and for the next iterations, the solution of the SP is utilized. This procedure reduces the number of iterations in the C&CG algorithm, since it starts with a feasible point, and thus the solution of the aforementioned problem can be obtained with higher computational efficiency.
C. Solution Scheme for the Short-Term Planning Problem
To solve the proposed adaptive short-term planning problem, a solution scheme should be duly represented. This solution scheme is divided into three successive stages and summarized in the Fig. 2 . The first stage represents the estimation process, the second stage contains the robust optimization problem, and the third stage describes the planning actions to be carried out to maximize the efficiency of an EDS. These stages are explained in details as follow.
1) Estimation process: the proposed approach requires appropriate data information such as operating point (V * , P * , and Q * ), and forecasted values of demand consumption and renewable energy. The initial operating point is obtained from a conventionally optimal power flow. This initial operating point and the forecasted values are sent to the deterministic linear programming (LP) model, where the integrality of all decision variables of the MILP model presented in II-B is relaxed. The solution obtained from the LP is used to update the operating point. Besides, in this stage, the uncertainty interval is estimated using the procedure presented in the Section II-C1. Finally, the updated estimated operating point and the uncertainty interval are sent to the second stage. 2) Robust optimization problem: this stage contains the adaptive robust optimization problem in a hierarchical environment. The C&CG algorithm presented previously is used to solve this problem. It is worth mentioning that, in each iteration, the uncertainty realization is determined and the operating point is updated to improve the quality of the approximated model. 3) Planning actions: finally, this stage presents the planning actions to be carried out to improve the efficiency of the EDS as the best economic-environmentally strategy.
IV. CASE STUDIES
The adaptive robust formulation described in Section II-C is tested on a 135-node distribution system presented in [5] . This section presents the technical and economic information of each investment alternative, assumptions, and case studies to validate the proposed model.
A. Technical and Economic Information
Test system information: The 135-node distribution system, illustrated in Fig. 4 , contains 1 substation, 134 nodes (with 100 load nodes), and 133 circuits with different conductor types (47 with AA4 type, 43 with AA1 type, 23 with AA3 type, and 20 with AA2 type), [5] . The total conventional demand is 6.499 MW and 2.769 MVAr. The nominal medium voltage level is 13.8 kV, while the lower and upper voltage limits are 0.95 and 1.05 p.u., respectively. The annual substation power factor can vary between 0.95 to 1.0, and the reactive power depends on the power factor and the delivered active power.
CB, VR, and conductor replacement information:
The regulation range and installation cost of VRs are assumed to be 10% and $21,350, respectively; fixed and switchable CBs are considered where each CB type has its reactive power capacity and installation cost; six different conductor types with technical and economic characteristics are taking into account while to replace a specific conductor by new conductor a cost is associated. The technical and economic information about CBs and conductor replacement can be found in [5] .
Renewable-based DG units information: PV and WT are the renewable generation technologies considered in this planning problem. The generation capacity of each WT unit and PV module is 100 kW and 20 kW considering power factors of 0.99 and 0.98, respectively. The maximum number of WT units and PV modules that can be installed at node m is set to 5 and 20, respectively. Investment costs of $100 k and $20 k, and operation and maintenance costs of $150 and $375 are considered for each WT unit and PV module. The operating and maintenance costs are increased each year by 5%. The technical and economic information was derived from [21] .
B. Assumptions and Cases
In order to make a proper analysis and to validate the proposed approach, the main assumptions are summarized as follows: a) A planning horizon of 3 years is considered, b) the annual demand and the annual energy cost increases are 10% and 5%, respectively; c) investment cost of the renewable-based DG units is limited to $800 k per each technology (PV and WT); d) EDS reinforcement in VRs and CBs allocation, and conductor replacement are limited to $20 k, $42.7 k, and $50 k, respectively; e) the annual emission limit is 85 kTon considering an intensity coefficient emission of 2.17 kg CO 2 /kWh [30] ; f) the robustness parameter (Υ) is set to 0.70; and g) the optimality gap is set to 0.5%.
To validate the proposed methodology, case studies are carried out under two different conditions. For the first condition, namely moderate-resolution condition, demand consumption and renewable output power is represented via 12-t s, which is an approximation of the second condition, namely high-resolution condition, with a higher time resolution of 96-t s (see Fig. 1 ). We use the second condition to show the applicability and potential of the proposed approach for a higher time-resolution.
1) Moderate-Resolution Condition: Under this condition, four different cases are studied to validate the proposed approach. It is worth mentioning that before planning, an analysis via a conventional power flow is done to determine the initial conditions of the 135-node distribution system. r Case IV: Considering the same decisions variables of Case III via the deterministic model. In this case, expected values of the renewable generation and demand are used.
2) High-Resolution Condition:
To demonstrate the robustness and applicability of the proposed planning framework, the aforementioned cases I-III are analyzed under a high-resolution condition with an annual representation of 96-t s.
V. SIMULATION RESULTS AND DISCUSSION
The mathematical models and the solution framework presented were implemented in the mathematical language AMPL, and the commercial solver CPLEX was used to solve the robust optimization problem. A computer with an Intel Xeon E5-2650 v4 processor was used for the simulations. In this section, numerical results of the 135-node distribution system, under different conditions, are presented and duly discussed. To differentiate the moderate-and high-resolution conditions, case studies are represented by extensions .m (e.g., Case I.m, Case II.m, etc.) and .h (e.g., Case I.h, Case II.h, etc.), respectively.
A. Moderate-Resolution Condition
Performance of the proposed approach is validated under moderate-resolution conditions considering an approximated annual division of 12-t s. The maximum solution time found under this condition are 3 hours and 25 minutes. For comparative purpose, the initial condition of the 135-node distribution system was obtained via a conventional power flow for the first year, where the uncertainty of demand consumption is disregard. This solution evidences an initially violated 135-node distribution system in technical aspects. The voltage profile corresponds to the interval with the maximum loading of the first year, is depicted in Fig. 3 in red. As can be seen, the lower voltage limit has not met. Under this circumstances, the system power factor is 0.918, and the substation energy cost is $2130.304 k with 77.590 kTon of emissions. It is worth mentioning that, due to the limited financial resources, the planning scheme obtained for this case could not address the environmental targets, (see Table I ). Therefore, to get a feasible solution, the emission limit was relaxed. The emission limits in the second and third year of planning were exceeded approximately 0.11% and 9.38%, respectively, considering an emission limit of 85 kTon.
2) Case II.m: The results obtained for this case reveals a total investment cost of $1106.19 k that can be summarized as follows: a) optimal allocation of a fixed CB at node 107 with the investment cost of $8.075 k, b) allocating a VR device at node 9 with the cost of $21.35 k, and c) siting and sizing of renewable DG units with total investment cost of $1076.77 k.
This planning scheme demonstrates that by allocating the renewable-based DG units, environmental limits can be met (see Table I ). Results compared to the initial condition and the first case show significant reductions in emissions. Comparing with the initial condition, about 15.09% reduction resulted, while comparing with each planning year in Case I.m, about 14.6%, 13.11%, and 11.68% of emission reduction have been obtained. In this case, all the technical, operational and environmental aspects were satisfied. Considering the possibility of conductor replacement, the investment costs in renewable-based DG units reduced by 7% comparing with Case II.m, while the substation energy cost decreased by more than 1.15%.
4) Case IV.m: In this case, the demand and generation profiles were set to the expected forecast profile, and these values were used to solve the deterministic model (Section II-B) . The solution of this case reveals a total investment cost of $1049.502 k; this cost corresponds to the alternatives such as a) allocation of three fixed CBs with investment cost of $16.45 k, b) replacement of the conductors of 9 circuits with a cost of $38.17 k, and c) placement and sizing of renewable-based DG units with total cost of $994.882 k.
This case shows that the total emission from the substation side per year are 65.96 kTon, 73.82 kTon, and 82.49 kTon, and the overall cost related to the substation supplied energy per year are $1851.970 k, $2174.361 k, and $2549.558 k, respectively. The total cost related to the substation supplied energy throughout the planning horizon is $6575.889 k, which is about 4.75% lower than the solution obtained in Case III.m.
5) Validation of Robust Solution of Case III.m:
To validate the obtained solution for Case III.m, the set of planning action is fixed and a random profile related with the renewable output power and demand consumption, and the values between the uncertainty intervals are used to solve the OPF problem.
The solution of this OPF shows a feasible solution in which the emissions from the substation side for the planning years are 67.05 kTon, 74.94 kTon, and 83.67 kTon, corresponding with the total cost of substation supplied energy of $1880.975 k, $2206.372 k, and $2585.416 k, respectively. This planning scheme, compared to the initial conditions, demonstrates that the emissions and substation energy costs were decreased by 12.45% and 11.70%, respectively. On the other hand, comparing these values with Case IV.m reveals that the emissions were increased by 1.58%, 1.47%, and 1.40%, for each planning year, corresponding with 1.54%, 1.45%, and 1.39% increase in the substation energy costs. Results show that to address the technical, operational, and environmental issues, considering variations in the uncertainty of data, and the amount of energy provided by the substation must be higher than in the deterministic case, as can be seen in Table I for Case III.m, the energy cost of the substation was around $6900 k.
The solutions found by the robust and deterministic models present similar plans. However, the differences can be highlighted as a) the robust case proposes the replacement of conductors of two circuits that were not proposed in the deterministic case, b) the deterministic solution proposes the installation of 2 fixed CBs that were not installed in the robust solution, and c) in Case III.m, a VR was allocated. In order to meet the environmental targets, both models determine similar investment costs related to renewable-based DG units. The main difference is that the robust model avoids voltage magnitude violations due to the variability of uncertainty data. This fact can be seen in Fig. 3 where it shows a substantial improvement in the system voltage profile compared with the initial EDS state. This figure 
B. High-Resolution Condition
In this subsection, the proposed approach is validated under a higher time-resolution. Under this condition, the maximum time solution found was about 116 hours. The obtained short-term plan for each case is summarized as follows.
1) Case I.h: The solution obtained for this case shows a total investment cost of $77.85 k. This investment cost is corresponding to the following actions: a) siting and sizing of a fixed CB at node 107 with investment cost of $7.50 k; b) allocating a VR device at node 9 with investment cost of $21.35 k; and c) replacing the conductors of 16 circuits by new conductors with investment cost of $49.00 k. The solution of this case proposes similar planning actions as Case I.m. However, some differences can be highlighted as a) Case I.m proposes a switchable CB, meanwhile Case I.h proposes a fixed CB; b) the total investment cost of Case I.m was $79.50 k, which represents 2% higher costs than Case I.h; c) the cost of energy supplied by the substation has a relative difference of 0.94% between Cases I.m and I.h (see Table I ); and d) comparing the proposed conductor replacement between both cases, two circuits with different conductor types have been determined for Case I.h. This planning scheme is shown in Fig. 4 and Table II , where each planning alternative is presented in detail.
2) Case II.h: The short-term plan found in this case shows a total investment cost of $1058.13 k. This investment cost is related to the following actions: a) siting and sizing of a fixed and a switchable CB at nodes 107 and 90 with investment cost of $5.15 k and $10.15 k, respectively, b) allocating a VR device at node 8 with investment cost of $21.35 k, and c) siting and sizing of renewable-based DG units with total investment cost (including operation and maintenance cost) of $1015.34 k. This set of planning actions is shown in Fig. 4 , where the location and capacity for each planning action are duly identified.
The obtained solution for Case II.h proposes a similar investment plan as Case II.m. Nevertheless, these investment plans present some differences that can be highlighted as a) the total cost found for Case II.h, including investment cost and cost of energy supplied by substation (see Table I ), was $8164.00 k Table I ). In this case, the total cost was $8023 k, considering the investment cost, $1009.13 k, and the cost of the supplied energy by the substation, $7013.87 k, see Table I . On the other hand, the total cost in Case I.m was $7969.96 k, comparing these values, a relative difference of 0.66% exists. However, similar short-term plans with some differences have been determined for cases III.m and III.h. These differences can be highlighted as a) Case III.h proposes a lower investment on PV units (see Fig. 4) ; b) Case III.h proposes the allocation of an additionally fixed CB at node 90; and c) Case III.h proposes different conductor type at circuit 35-36 (see Table II ). The results obtained for both annual resolutions shows that a higher time-resolution may result in a more suitable plan. The higher time-resolution is, the more precise the approximation become, and consequently, a more satisfactory result can be obtained; however, it negatively affects the computational efficiency.
In summary, the proposed model provides appropriate robust solutions for cases I-III under two annual resolution conditions within a few iterations while the obtained maximum gap was less than 0.2%. Table I presents the gaps, upper and lower bounds, and pollutant emissions in each iteration. To fulfill the technical, operational, and environmental conditions of the initially-violated 135-nodes EDS, a set of compelling planning alternatives was obtained for each case study; this information is summarized in Table II and Fig. 4 . Table II contains the conductor replacement of overloaded circuit with the new ones while Fig. 4 identifies the location, capacity and type of CBs and renewable-based DG units, and allocation of VRs for each case. It is worth noting that, since the proposed adaptive robust formulation is based on an approximated MILP model and to obtain this model some relaxations and approximations were applied. In order to evaluate the precision of the proposed formulation, all the decision variables (i.e., location and output power of PV and WT units, location and reactive output power of CBs, location of VRs, and conductor type to each circuit of the EDS) of the solution found from the adaptive robust short-term planning approach, for each case, was used to solve a conventional power flow. Comparing the solution obtained from the MILP model with the conventional power flow, the maximum relative error percentage between the outcomes was about 0.016%. Besides, the voltage magnitude relative error percentage obtained was less than 0.002%, which is negligible. These results validate the acceptable precision of the proposed MILP model as a suitable approximated tool for the steady-state operation of an EDS.
VI. CONCLUSION
In this work, unlike the approaches presented in the literature, a strategy for the short-term planning of electrical distribution systems considering multiples investment alternatives and siting and sizing of renewable-based DG units, based on a two-stage robust optimization has been proposed. The proposed planning scheme represents a hierarchical structure decision in which the investment actions are made by the master problem, while the sub-problem determines the adjustable decisions. Consequently, this robust planning framework can be a useful tool for distribution companies to address the requirements of the consumers, energy quality, reliability, and environmental criteria imposed by regulatory agencies.
Several case studies have been analyzed under moderateand high-resolution conditions to represent the seasonal characteristics and weather factors. Under The first condition, the optimal plan was obtained with a high computational efficiency, while under the second condition a similar plan obtained with a few differences and lower computational efficiency. This shows that regardless of time resolution, the proposed formulation captures an appropriate result. Therefore, the numerical results reveal the effectiveness of the proposed approach as a robust optimization tool for the decision-making process, where for each case, a set of planning actions is determined that satisfy economic-environmental criteria of a short-term planning problem while maximizing the efficiency of an initially violated EDS.
Due to the scope of this paper and for practical purposes, the average energy cost was represented for each time interval. In fact, this value depends on the electricity market price and is subject to variability, and hence, prediction errors may arise. On the other hand, the pollutant emission at distribution level was considered via a carbon cap policy. This policy is a binding constraint that affects the flexibility of the distribution system. Therefore, the optimal dispatch should appropriately change to satisfy this predefined limit. The prediction errors in energy cost and other carbon policies are the prospect of the further research work.
